[1] Estimating interannual to decadal variability of terrestrial evapotranspiration (ET) requires use of standard meteorological data complemented with some high-resolution satellite data. A semiempirical expression for this purpose is developed and validated with data from 2000 to 2007. These data were collected at 64 globally distributed sites, including the continuous measurements collected by the Atmospheric Radiation Measurement (ARM) and FLUXNET projects, and are the longest available, with continuous worldwide multisite measurements of ET, and a total of 274 site years. The sites are mainly located in North America and Asia, with the exception of three sites in Australia, two in Europe, and one in Africa. The climates of the sites vary from tropical to subarctic and from arid to humid. The land cover types of the sites vary from desert, croplands, grasslands, and shrub land to forests. On average, the 16 day average daily ET can be estimated with an error (standard deviation) of 17 W m −2 (25% in relative value), and with an average correlation coefficient of 0.94. The standard deviation of the comparison between measured and predicted site-averaged daily ET is 9 W m −2 (14%), with a correlation coefficient of 0.93. The model is also satisfactory in reproducing the interannual variability at sites with 5 years of data in both humid and arid regions. The correlation coefficient between measured and predicted annual ET anomalies is 0.85. This simple but accurate method permits us to investigate decadal variation in global ET over the land as will be demonstrated in part two of this paper series.
Introduction
[2] Terrestrial evapotranspiration (ET) is central to earth system science and its constitutive cycles (water, energy, and biogeochemical). Many aspects of hydrology, climate and weather prediction depend upon accurate determination of ET. The U.S. National Research Council's "Decadal Survey" [National Research Council, 2007] views the accurate estimation of ET to be a major challenge. Since the 1990s, ET measurements have been collected at tower sites. However, the current eddy covariance or Bowen ratio systems at tower sites [Baldocchi et al., 2001; National Research Council, 2007] have three limitations: (1) the tower density is too low to adequately measure ET variation at the local, national, and global scale, (2) these systems are too expensive to run routinely at a reasonable density at the global scale, and (3) data is only available from the 1990s onward.
[3] An alternative approach, the Penman-Monteith equation, can be accurate where net radiation and stomatal resistance is available and the vegetation is not water stressed. Various other algorithms make use of recent satellite data, i.e., available since 2000. However, none of the available approaches can be used for monitoring global ET on decadal scales for lack of needed data. The point of this paper is to provide an approach that provides global ET over several decades. For this purpose, we use a model structure patterned after that of the equation of Penman [1948] , i.e.,
where D = de*/dt is the gradient of the saturated vapor pressure (e*) to the air temperature (T a ), and g is the psychrometric constant, R n is surface net radiation, G is ground heat flux, VPD is the water vapor pressure deficit (i.e., departure from saturation) and g a is aerodynamics conductance. The factors D/(D + g) and g/(D + g) in equation (1) depend solely on T a at a given location [Wang et al., 2006] . VPD can be calculated from conventional meteorological observations of T a and relative humidity (RH). The first term on the right-hand side of the equation represents the energy control on ET (ET E ) and the second term represents the atmospheric control (ET A ).
[4] A large number of past empirical approaches have been built around the physical principles embodied in equation (1). In particular, Priestley and Taylor [1972] showed under some conditions, that ET could be estimated with only the first, energy control term, multiplied by an empirical factor. Other authors address the issue of control by soil moisture [Davies and Allen, 1973; Koster and Suarez, 1999; Komatsu, 2003; Burba and Verma, 2005; Detto et al., 2006; Li et al., 2006; Granier et al., 2007; Phillips et al., 2009] , but the required soil moisture data for such treatment is not globally available [Entin et al., 1999; Robock et al., 2003; Dirmeyer et al., 2004; Gao and Dirmeyer, 2006; Schaake et al., 2004] .
[5] Monteith [1965] modified equation (1) to include the control of stomatal resistance on ET, another parameter that is not globally available. During the last decade, a large number of techniques have been proposed to estimate ET from satellite observations (see Wang et al. [2007] and Kalma et al. [2008] for further review). The methods that use the surface-air temperature gradient require unbiased land surface temperature (T s ) retrievals and air temperature (T a ) interpolated from ground-based point measurements. Such methods are sensitive to errors in T s or T a [Timmermans et al., 2007] . Spatial and temporal variation of T s is used to reduce the sensitivity [Anderson et al., 1997; Wang et al., 2006] . Furthermore, satellite T s retrievals are only available under clear sky conditions and for a limited period of time. Most existing methods using satellite observations to estimate ET do not directly consider the role of a deficit in air humidity.
[6] The currently most accurate available ET measurements alone do not provide estimates of ET with high spatial resolution and long history. However, they can be used to develop an approach, patterned after equation (1) and using conventional meteorological observations and some satellite data. Equation (1) has three deficiencies that preclude its direct use for our intended purpose: (1) it requires R n that is not widely available; (2) it neglects any soil moisture stress; and (3) it neglects the controls of vegetation on ET.
[7] By analyzing long-term ET measurements collected by the Atmospheric Radiation Measurements (ARM) project, Wang et al. [2007] found that the dominant parameters controlling ET are surface net radiation (R n ), temperature either as air temperature (T a ) or land surface temperature (T s ), and vegetation cover quantified by vegetation indices (VI). Recently, numerous studies have related ET to VIs for various land cover types and different regions of the world [Burba and Verma, 2005; Detto et al., 2006; Li et al., 2006; Nagler et al., 2005; Blyth et al., 2006; Min and Lin, 2006; Yang et al., 2006; Schüttemeyer et al., 2007; Watts et al., 2007; Hammerle et al., 2008] . In particular, Choudhury et al. [1994] related the ratio of ET to potential evaporation to VIs. Schüttemeyer et al. [2007] further developed a method to estimate ET by multiplying the first term of equation (1) by VF where VF is a linear function of VI, i.e., providing a simple dependence of variations of ET on the vegetation.
[8] This first part of the two-part paper develops a semiempirical method for estimating ET. Although likely to be much less accurate instantaneously than direct measurements or the Penman-Monteith equation, it provides stable longterm statistics, as needed to examine interannual and decadal variability globally. Since it makes use of essentially all the data that are available for this purpose, any other competitive method would have to use the same data or a subset thereof.
Model Development
[9] Satellite terrestrial observations can supply global vegetation conditions at high temporal and spatial resolution [Tucker et al., 1985] . Two kinds of VIs have been widely accepted: normalized difference vegetation index (NDVI) and enhanced vegetation index (EVI) derived from satellite data, such as Moderate Resolution Imaging Spectroradiometer (MODIS) and Advanced Very High Resolution Radiometer (AVHRR) [Huete et al., 2002] .
where r is the reflectance after atmospheric correction, the subscript of "nir" indicates the near-infrared band, "red" is the red band and "blue" is the blue band.
[10] NDVI characterizes vegetation cover density and type [Tucker et al., 1985] . NDVI varies from 0 to 1 for terrestrial surfaces excluding snow/ice and water surfaces; the higher the value, the denser the vegetation. NDVI loses sensitivity to vegetation coverage (or leaf area) when the vegetation is dense. The EVI is designed to correct the saturation problem of NDVI, and is available from the new generation satellite data, such as MODIS. Figure 1 shows that EVI increases at a higher rate than NDVI when the vegetation indices are relatively high, indicating EVI from MODIS at least partly corrects the saturation problem of NDVI. However, it is only available after 2000. Therefore, in this study, we create models for both NDVI and EVI to estimate long-term variations of ET.
[11] Over a day, aerodynamic conductance can be parameterized as a linear function of daily wind speed (WS) [Shuttleworth, 1993; Parlange et al., 1995; Shuttleworth, 2007] ,
Since equation (4) ignores the influence of stability on aerodynamics and its use on an hourly time scale is not advised. In this study, we use the relative humidity deficit (RHD) as an index of soil water deficit to quantify the dependence of ET on soil water stress [Mu et al., 2007] ,
where RH is relative humidity in unit of %.
[12] Equation (1) and the preceding paragraphs suggest the following form to be used in this study:
where
According to Jarvis [1976] , g s mainly depends on soil moisture (SM), leaf area (quantified by VI here), T a , and incident solar radiation (R s ). SM is diagnosed by the RHD term and the latter two terms are directly included.
[13] Therefore, equation (1) is modified to
where the VI can be NDVI or EVI. The nonlinear form of equation (10) is selected to address the saturation issues of NDVI shown in Figure 1 . NDVI loses sensitivity to vegetation coverage (or leaf area) when vegetation is dense and EVI effectively corrects the saturation effect of NDVI [Huete et al., 2002] (see also Figure 1 ). When EVI is used in equations (8)- (10), the nonlinear item (a 9 ) is negligible and then equation (10) is equal to traditional Penman-Monteith Equation (ET = ET A + ET E , as in equation (1)).
[14] A crucial difference between equations (8)- (10) and past formulations is they use R s rather than R n because R n is not conventionally observed and its current satellite estimates are not sufficiently accurate for this purpose. A previous study [Wang and Liang, 2009] found that the ratio R n to R s has a substantial seasonal variation. Factors that control this variation are: (1) atmospheric downward longwave radiation changes with seasonal variation in air temperature and atmospheric water vapor content, especially near the surface; and (2) surface longwave emission varies in response to the cooling effect of ET. The ratio of R n to R s can be accurately parameterized by a linear function of VI, T a and RH (that quantify the dependence on water vapor content and cloud cover); that is, daytime R n can be estimated from R s with the addition of T a , RH and VI data for various land cover types and different surface elevations ranging from 98 m to 4700 m [Wang and Liang, 2009] . Therefore, the linear function of VI (a 2 ) that is added into equation (8) helps account for the impact of vegetation in determining the ratio of R n to R s .
[15] The coefficients (a 1 -a 9 ) are derived by regression and validated using ground-based measurements that are explained in detail in section 3. Stomatal conductance is parameterized as a linear function of VIs and RHD (i.e., as incorporated in equation (8)) and aerodynamic conductance is parameterized as a linear function of WS (i.e., equation (4)). Vegetation height may influence the impact of stomatal conductance, and we tried to parameterize this effect by adding a logarithmic function of vegetation height to equation (7); however, our regression results indicated that the climatological variability of ET explained by vegetation height is very small, as also reported by Blyth et al. [2006] . Because most ET occurs in daytime, daytime averaged R s is used in equation (8) and the ET calculated from equations (10) is also a daytime average. Results are represented as daily values by converting daytime ET to its daily value, i.e., multiplying ET by day length (in hours) and then dividing by 24 h.
[16] A major advantage of equations (8)- (10) is that they avoid using the temperature or humidity differences that are used by many of the remote sensing methods to estimate ET [Wang et al., 2007] . Consequently the sensitivity of this parameterization to errors in the input data is substantially lessened [Wang et al., 2007; Wang and Liang, 2008] . Another advantage is that it requires only easily obtainable measurements. Reliable long-term SM estimates that is needed to parameterize ET in previous methods are not available at global and regional scales [Gao and Dirmeyer, 2006; Reichle et al., 2004; Wagner et al., 2003] . Section 3 shows that the proposed method can accurately predict global ET over a range of land cover types and climates, for both seasonal and annual variations in ET.
Validation Data
[17] The method is validated with a large data set of ground-based measurements, including the long-term measurements collected by Ameriflux, Asiaflux, and Atmospheric Radiation Measurement (ARM) program, and additional sites operated by individual principal investigators released by the FLUXNET website. These data sets include the longest continuous worldwide multisite measurements of ET, R s , and corresponding meteorological observations. The data were collected at 64 sites, and provide a data set with a total length of 274 years. The sites are mainly located in North America and Asia, with three sites in Australia, two sites in Europe, and one site in Africa ( Figure 2 and Table 1 ). The climate of the sites ranges from tropical to arctic and arid to humid. Table 1 . NDVI loses sensitivity to vegetation coverage (or leaf area) when vegetation is dense. EVI is designed to correct the saturation problem of NDVI. This plot shows that EVI increases at higher rate than NDVI when the vegetation indices are relative high, indicating EVI at least partly correct the saturation problem of NDVI.
Elevation ranges from near sea surface level to more than 3000 m above sea level ( Table 1 ). The land cover types of the sites include desert grasslands, rainfed and irrigated croplands, grazed and ungrazed grasslands, savanna, shrub land, deciduous forest, evergreen forest and mixed forests (Table 1) .
[18] The ET measurements are collected by two widely accepted methods: The Energy Balance Bowen Ratio (EBBR) method and the Eddy COvaRiance (ECOR) method. The EBBR method was used by the ARM project to collect ET data at fourteen sites over the Southern Great Plains of the United States since 1995 and the Solar and Infrared Radiation Station (SIRS) system collected the surface energy components since 2002. The ECOR method was used to collect the ET data from the Ameriflux, Asiaflux and the research sites operated by individual investigators (Table 1) . The ECOR method is accepted as the best method to directly measure heat fluxes and is widely used in global measurement experiments such as FLUXNET [Baldocchi et al., 2001] . However, this method does not conserve energy; that is, it has an energy closure ratio R a that is for the global FLUXNET measurements of about 0.8 [Wilson et al., 2002] , where R a is
and where ET EC and H EC are the original ET and sensible heat flux (H) measured by the ECOR method, and G is the ground heat flux. Evidently, ET or H or both must be substantially underestimated since R a should be equal to unity according to the conservation of energy principle. Although several reasons have been proposed to explain this energy imbalance [Wilson et al., 2002; Gao, 2005; Oncley et al., 2007] , its mechanism remains unclear [Oncley et al., 2007] . Twine et al.
[2000] proposed a method to correct this discrepancy by assuming the Bowen ratio (the ratio of H to ET) measured by ECOR is fixed, i.e.,
[19] MODIS global 16 day averaged EVI and NDVI data (https://wist.echo.nasa.gov/api/) are used in this study because we found that the EVI is a better factor in parameterizing ET. However, EVI is not available before 2000 when MODIS data became available. To investigate longterm variability of ET, we will use AVHRR NDVI data in the second part of this two-part paper [Wang et al., 2010] . MODIS NDVI and EVI corresponding to the time period show in Table 1 are used in this study.
Model Validation
[20] We use data of the first 15 sites in Table 1 to derive the coefficients in equations (8)- (10) and data from the other sites to validate the method. Such sites are located in homogeneous areas. The derived coefficients are summarized in Table 2 . After obtaining coefficients from the regression, equations (8)-(10) are used to estimate ET for each site with the same coefficients and the results are compared with ground-based measurements of ET.
[21] A comparison of our validation results with those of our previous studies [Wang et al., 2007; Wang and Liang, 2008] indicates that the atmosphere control terms (the last three terms) improve the parameterization of ET although their contributions are much less than the energy terms, presumably because humidity will adjust to ET through boundary layer processes on daily and longer time scales. However, the terms may be very important in study of longterm variations [Wang et al., 2010] .
[22] The comparison of the measured and predicted 16 day average daily ET when EVI is used at all 64 sites demonstrates that equations (8)-(10) accurately predict seasonal ET (Figure 3 ). On average, the 16 day average daily ET is predicted with an error (standard deviation) of 17.1 W m −2 (25.3% in relative value). The correlation coefficient is 0.93 averaged over the 64 sites. We used the 16 day average because the MODIS EVI data are available for 16 day intervals. Table 3 summarizes the statistical parameters for all sites.
[23] The results are similar when NDVI is used ( Figure 4 and Table 3 ). The 16 day average daily ET estimated with NDVI has an error (standard deviation) of 17.0 W m −2 Figure 2 . Location of the 64 sites used in this study. The correlation coefficient is also 0.94 averaged over the 64 sites. NDVI, unlike EVI, saturates when vegetation is dense. The nonlinear effect (a 9 ) of equation (10) is larger when NDVI is used in equations (8)- (10) than that of EVI. However, the differences in results are not substantial after the nonlinear term is included in equation (10) (Figures 3 and 4 and Table 3 ).
[24] Because EVI is less dependent on soil background, the averaged absolute value of the biases is 7.0 W m −2 (10.5% in relative value), which is slightly better than 7.3 W m −2 (10.9% in relative values) when NDVI is used in equations (8)-(10). The bias is less important because this study uses ET data collected by both EBBR and ECOR methods and they may be substantially different. The ARM project deploys the EBBR and ECOR systems at the Southern Great Plains central facility. We use ARM data to evaluate the measurements of H and ET by the EBBR and ECOR methods. The ECOR measured H may be accurate, while ET is substantially underestimated by ECOR [Yang et al., 2004; Asanuma et al., 2005; Castellví et al., 2006; Brunsell et al., 2008] . When both ECOR and EBBR data are available, the average H/(R n -G) are 0.475 (ECOR) and 0.487 (EBBR); and the average ET/(R n -G) are 0.303 (ECOR) and 0.477 (EBBR), as shown in Figure 5 . The difference is greater in summer ) are also listed.
We also supplied information on the ET measured methods (EBBR: and ECOR) and the data collection dates. Figure 3 . Comparison of the 16 day average predicted and ground-measured ET collected at all 64 sites shown in Table 1 when EVI is used. We used a 16 day average because the MODIS EVI data are available for a 16 day interval. ), and correlation coefficient (R) are shown.
when ET is larger and ET/(R n -G) is near unity. Thus our use of Twine et al. [2000] to correct ET measured by the ECOR method may bias H high and ET low (Figure 4 ). Data obtained from ET measurements also depend on the data processing methods [Brunsell et al., 2008; Wolf et al., 2008; Haslwanter et al., 2009] . Table 3 shows that the proposed method overestimates ET at the UCI burned sites (Canada). The major reason for this is that the underestimation of ET measurement collected by ECOR method is not corrected because we are lack soil heat fluxes measurement to do the correction at the sites. The standard deviations and correlation coefficients at the sites are very good (Table 3) , which indicate the proposed method works well.
[25] Figures 3 and 4 and Table 3 demonstrate the ability of the method to predict seasonal variation in ET accurately. To evaluate the ability of the method to predict the spatial variation in ET, we average the measured and predicted ET at each site over the entire period as shown in Table 1 . Because the sites have different land cover types and different climate regimes, the comparison of the site-averaged ET demonstrates the ability of the method to predict the spatial variation in ET, as shown in Figure 6 . The standard deviation of the comparison is 9.5 W m −2 (14.2%) for NDVI and 9.3 W m −2 (13.8%) for EVI. The correlation coefficients are 0.93 for either EVI or NDVI being used in equations (8)- (10).
[26] To evaluate how well the model predicts long-term variations in ET, we first average the predicted and measured ET data into annual bins for each site, and then remove the multiyear average from the annual values for each site to calculate the annual ET anomaly for every site. We only used Table 1 when NDVI is used. Figure 5 . Comparison of the time series of ET and H and their ratios to net radiation (R n ) collected by the Energy Balance Bowen Ratio (EBBR) and Eddy COVariance (ECOR) methods at the ARM Project central facility over the Southern Great Plains. The distance between these systems is about 0.2 km and both sites have the same type of pasture and wheat cover.
sites where 5 years of data are available for this calculation. The results shown in Figure 7 , demonstrate that the annual variation of ET is slightly larger than that expected, possibly due to missing ET data caused by bad weather conditions [Falge et al., 2001] . We only used measurements of highquality ET and without any gap filling. The correlation coefficient between the measured and predicted annual ET anomaly using NDVI is 0.82, with a standard deviation of 9.0 W m −2 (7.4%) and when EVI is used, the correlation coefficient is 0.80, with a standard deviation of 9.4 W m −2 (7.7%).
Conclusions
[27] The purpose of this paper is to develop a semiempirical method to obtain global estimates of ET on a multidecadal time scale. The method is developed to make use of data from ground-based tower sites those have collected ET data since the 1990s, and by themselves are too short and sparse to provide global multidecadal time series. This method adds empirical coefficients to a Penman like equation to include dependences on vegetation and soil moisture in order to be able to estimate ET over a wide range of climate conditions, using NDVI (satellite derived), R s , T a , WS, water vapor pressure deficit (VPD), and relative humidity deficit (RHD). It has low sensitivities to errors in the input data.
[28] The coefficients are derived by regression at 15 stations selected for the quality of their data and parameter coverage. The coefficients are validated with ground-based measurements at 49 additional stations. These data sets are the longest available, and provide continuous worldwide multisite measurements of ET, R s , and corresponding meteorological observations, a total of 274 years. The sites are mainly located in North America and Asia, with the exception of three sites in Australia, two in Europe, and one in Africa. The climates of the sites vary from tropical to subarctic, and arid to humid. Site elevation ranges from near sea surface level to more than three thousand meters above sea level. The land cover types of the sites include desert grasslands, rainfed and irrigated croplands, grazed and ungrazed grasslands, savanna, shrub land, deciduous forest, evergreen forest and mixed forests.
[29] Validation tests assessed the ability of the derived method to reproduce seasonal, spatial, and interannual variability of ET. The seasonal and spatial variations in ET are accurately reproduced. The 16 day average daily ET can be estimated reasonably in terms of standard deviation and correlation coefficients. The method also improves estimates of the spatial variation in ET over previous methods and is also satisfactory in reproducing the interannual variability at sites with 5 years of data in both humid and arid regions. The correlation coefficient between measured and predicted annual ET anomalies using NDVI is 0.85. The 5 years of data used here alone does not allow us to distinguish longer time scale variability, e.g., decadal versus interannual.
[30] Only conventional measurements are required for our method, in particular, it avoids using SM to parameterize ET, a quantity that is currently not available at global and regional scales and has large spatial heterogeneity. It does not need near-surface gradients of air temperature and humidity. This simple but accurate method permits us to investigate the long-term variation in global ET over the land as will be demonstrated in part two of this paper series.
[31] This study uses RHD (1-RH /100) to parameterize the SM control on ET. Our analysis shows that RHD is closely correlated with SM of the surface layer (up to ∼0.5 m depth), especially on a monthly scale. Thus RHD provides a nice quantitative index of the effect of soil moisture stress on ET, in particular during drought periods. The results of this paper show that the proposed model works well in predicting seasonal and annual variations of ET under different surface Figure 6 . Comparisons of the predicted and measured siteaveraged ET at 64 sites when EVI and NDVI are used. The proposed method overestimates ET when ET is low. This majorly occurs at the UCI burned sites (Canada , Tables 1  and 2 ). The major reason for this is that the underestimation of ET measurement collected by ECOR method (e.g., shown in Figure 4) is not corrected because we are lack soil heat fluxes measurement to do the correction at the sites. The standard deviations and correlation coefficients at the sites are good (Table 3) , which indicate the proposed method works well at the sites. Table 1 ). aridity and land cover conditions using data measurements collected at globally distributed sites.
[32] The proposed model requires R s , T a , RH, WS, and VI as input data. T a , RH and WS are observed at every weather station. VI is available through satellite observations from 1980s to present. R s directly observed since the 1958 at sparse points [Wild, 2009] and can also be derived from satellite cloud observations. R s can also be derived from other cloud and aerosol observations, including ground-based manual visual assessment by meteorological technicians, and sunshine duration measurements that have been observed in the last hundred years.
[33] In the second part, we will show how the method can be used with meteorological and satellite observations to determine regional and global variation of ET over the last 2 decades and what caused the variation. Input data are from meteorological observations of T a , RH and WS, NOAA/ AVHRR NDVI, direct measured R s collected by Global Energy Balance Archive (GEBA) and Sunshine duration derived R s to estimate climate variability over globaldistributed 1120 stations from 1982 to 2002. The proposed model is found to work well in predicting climate variability of ET in different dry-wet conditions from deserts to tropical humid regions. Long-term variations of ET in humid areas such as the tropics, Europe and humid areas of Asia are primarily controlled by R s [Wang et al., 2010] . However, soil water supply, is the dominant factor in controlling long-term variations of ET in arid areas [Wang et al., 2010] .
